In recent years, many myoelectric arms that are controlled based on electromyogram (EMG) signals of amputee's stump or residual muscles have been proposed. In the cases of above elbow amputees, however, the muscles which generate the forearm, wrist and hand motions do not remain. Therefore, most myoelectric arms for above elbow amputees have less degree of freedom and its dexterity is relatively poor compared with a human upper-limb. To improve the quality of life of above elbow amputees and to increase their mobility in daily life activities, some additional input signals must be prepared. One of the strong candidates of the additional input signals is an electroencephalogram (EEG) signal. An EEG signal is an electric signal that can be measured along a scalp, so that it can be measured even with an above elbow amputee. In this study, an artificial arm for above elbow amputees is controlled based on EMG and EEG signals. In this paper, the EEG-based motion estimation method is proposed to control the forearm supination/pronation motion of the artificial arm. The angle, angular velocity, and angular acceleration of the forearm motion are estimated under several velocities by using EEG signals.
Introduction
Development of a dexterous artificial arm is important for persons who lost their arm due to an accident or a sickness in order to live daily life independently. In recent years, many myoelectric arms that are controlled based on skin surface electromyogram (EMG) signals of amputee's stump or residual muscles have been proposed (1) - (3) . An EMG signal is an electric signal that is generated when a muscle is activated. Therefore, the user's motion intention can be estimated if EMG signals of the related muscles for the target motion can be measured. In the cases of above wrist amputees, there is a strong possibility that the muscles which generate the wrist motion or hand motion still remains. Therefore, the control of the hand and wrist motions of the myoelectric arms for above wrist amputees by EMG signals is relatively easy. On the other hand, in the cases of above elbow amputees, the muscles which generate the forearm, wrist and hand motions do not remain, although the muscles which generate the elbow flexion/extension motion may remain. For this reason, most of myoelectric arms for above elbow amputees provide only elbow flexion/extension motion. Although some myoelectric arms can perform the hand, wrist or forearm motions in addition to the elbow motion (4) , (5) , those myoelectric arms have less degree of freedom (DOF) and its dexterity is relatively poor compared with a human upper-limb. The myoelectric arms which have the limited DOFs cannot achieve some daily life motions properly.
To improve the quality of life of above elbow amputees and to increase their mobility in daily life activities, some additional input signals must be prepared in addition to the EMG signals of residual muscles. The 5-DOF myoelectric arm that uses the shoulder and elbow motions as the additional input signals has been proposed (6) , (7) . In their method, the forearm and wrist motions are estimated by using the artificial neural network based on shoulder and elbow motion, and the hand motion is generated based on the fuzzy rules. However, it is not easy to estimate various daily life motions with this method. One of the strong candidates of the additional input signals is an electroencephalogram (EEG) signal. An EEG signal is an electric signal that can be measured along a scalp, so that it can be measured even with an above elbow amputee. Interface between a robot and EEG signals is called as Brain Computer Interface (BCI) (8) - (10) . A P300 brain computer interface (11) , (12) is often used to control a robot.
The desired motion can be selected from the previously prepared motion candidates by a user. However, it cannot be used for real-time motion control of robotic systems. To control the robotic systems in real-time, some classification methods such as Common Spatial Pattern (CSP) (13) , (14) or neural networks (15), (16) were proposed. Rough motion estimation such as motion direction estimation was realized by those methods. In addition, the hand velocity is estimated from EEG signals in recent years (17) , (18) . The hand motion was estimated in the limited condition. In this study, an artificial arm for above elbow amputees is controlled based on EMG and EEG signals. The elbow motion of the artificial arm is controlled based on EMG signals of the biceps brachii and the triceps brachii muscles (6) and the forearm supination/pronation motion of the artificial arm is controlled based on EEG signals. The real-time EEG-based motion estimation method is proposed to control the forearm supination/pronation motion of the artificial arm according to the user's motion intention in unlimited condition. In order to estimate the forearm motion, an artificial neural network is applied to estimate the motion based on the EEG signals. The angle, angular velocity, and angular acceleration of the forearm motion are estimated under several velocities based on four kinds of features (i.e., filtered, average, root mean square, and integral) of EEG signals in order to find the best input signal to estimate the motion.
EEG Measurement
In order to estimate the forearm supination/pronation motion, EEG signals when subjects performed the forearm motion was measured. The experimental condition is shown in Fig.  1 . In the experiment, a subject sat on a chair and turned the forearm to make supination or pronation motion at certain intervals (0.25Hz, 0.5Hz, and 1Hz). To clarify the influence of the upper-limb's posture on EEG signals, the subjects performed the experiment with several elbow angles. The measurement at each condition was carried out 4 times. The subject's forearm supination/pronation motion was measured by using a 3-axis accelerometer and a gyro sensor that were installed on the wrist of the subject. The experiments were carried out by four subjects (3 healthy young men, and a healthy young woman) with their eyes open or Journal of Advanced Mechanical Design, Systems, and Manufacturing Vol.7, No.1, 2013 close. In the experiment, The EEG signals were measured by Net Station System (Geodesic Sensor Nets, Electrical Geodesics, Inc.) as shown in Fig. 2 . This sensor system can measure EEG signals of 256 channels with the sampling frequency of 1 kHz.
EEG Signal Processing
Since raw EEG signals are not suitable as input signals of the robots such as artificial arms, some features must be extracted from the raw EEG signals. There are many kinds of methods to extract the features of EEG signals. The frequency analyses such as fast Fourier transformation (FFT) or averaging method are one of the basic methods to treat EEG signals. Those methods are useful for offline analysis of EEG signals. Because those methods require a lot data of EEG signals, in general, those methods are not suitable for the real-time control method for wearable robots such as artificial arms and power-assist robots. Since relativelylow frequency in EEG signals contains the important feature of the motion and they are used instead of alpha wave or beta wave in order to estimate the hand velocity in some methods (17) , (18) , the frequency between 0.3 and 4 Hz is used in the proposed method.
In this study, angle, angular velocity, and angular acceleration of the forearm motion are estimated based on EEG signals. In general, electrodes are located based on International 10-20 system. Although 256 EEG signals can be measured with the Net Station System, all of them are not required as input signals for the controller. Therefore, 40 important EEG channels including the channels of International 10-20 system are selected from 256 channels at first. In 256 channels, 61 electrodes are located on cheeks and bottom of the head. Since those electrodes might detect other signals such as EMG signals except EEG signals, they are excluded from the channel selection preliminarily. To select EEG channels which have specified features, an angle between two EEG signal vectors is calculated based on inner product as follows.
where
T represents the vector which consist of EEG signals of ith channel (N is the time count), θ i j is the angle between vector V i and vector V j , and < · > represents inner product. If vector V i is perpendicular to vector V j , inner product and cosθ i j between V i and V j become zero. On the other hand, if V i is nearly parallel to V j , inner product between V i and V j has certain value that is not equal to zero, and absolute value of cosθ i j becomes almost one. The sum of cosθ i j becomes smaller if V i is becoming perpendicular to the other vectors. Therefore, the evaluation E i function is defined as follows.
where n[k] is the array which consists of the selected channels. N s is the number of selected channels. At first, since selected channels are the same as the channels of International 10-20 system, N s is 19 (19 means 19 channels except Cz (Center zero). Cz is reference channel among 20 channels which is located at the vertex.). The channel which E i becomes a minimum value among non-selected channels is selected. Then the selected channel number is added to array n [k] and N s is increased until N s becomes 40. The examples of the selected electrode's locations are shown in Fig. 3 . In Fig. 3 , green circles represent the channels of international 10-20 system, and red circles represent the selected channels based on eq. (2). Note that the selected channels are different between each subject as shown in Fig. 3 
where e it represents the EEG signals of ith channel after filtering at tth sampling, and Δt s is sampling time (Δt s =1msec). N a is the sampling number (N a =200) and v it represents the EEG signals of ith channel after each calculation at tth sampling.
In this paper, a neural network is used to estimate a user's forearm motion from EEG signals. The neural network which estimates a user's forearm angle, angular velocity, or angular acceleration consists of three layers (input layer, hidden layer, and output layer). There are 40 neurons in the input layer, 100 neurons in the hidden layer and 1 neuron in the output layer. The raw EEG signal (filtered EEG signal), AVG, RMS, or INT is used as input signals to estimate the user's forearm angle, angular velocity, or angular acceleration. Consequently, 12 kinds of neural network are prepared in total. The error back propagation learning algorithm has been applied to train the neural network. Nonlinear sigmoid function is used as the activation function for the neurons in the hidden layer. Since the selected EEG channels are different between subjects, the neural networks must be prepared for each subject.
Estimation results
The experiments were carried out by four subjects (3 healthy young men, and a healthy young woman) with their eyes open or close in order to evaluate the effectiveness of the proposed estimation method. In the experiment, the subject sat on a chair and made supination or pronation motion at certain elbow angle. The periodic forearm motions at certain intervals (0.25Hz, 0.5Hz, and 1Hz) and the arbitrary forearm motion were performed. The elbow and forearm angles are defined as shown in Fig. 4 . The examples of estimated results of subject A by the neural network are shown in Fig. 5. In Fig. 5 , the black solid lines show the measurement results, and the red broken lines show the estimated results. Figure 5(a) shows the result when the forearm angle was estimated based on EEG signals after BPF. The motion frequency was 0.25Hz. Figure 5(b) and (c) show the results when the angular velocity and acceleration were estimated based on average values and RMS values of EEG signals. The motion frequencies were 0.5 and 1Hz, respectively. As shown in Fig. 5 , the forearm motion can be estimated by the proposed neural network.
The errors between measured angular velocity and estimated angular velocity are shown in Figs. 6-9. Figure 6 shows the results when the forearm angle is estimated by the neural network. In addition, Figs. 7 and 8 show the results when the forearm angular velocity and acceleration are estimated by the neural network, respectively. On the other hand, in the case of Fig. 9 , the subjects moved forearm randomly. To compare each estimated result, the forearm angular velocities are calculated based on the estimated forearm angle and angular 
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where, error is each value in Figs. 6-9, velo m,i and velo e,i are the measured and estimated angular velocities at tth sampling. In Figs. 6-9, "BPF" means that input signals for the neural network are EEG signals after BPF. On the other hand, "AVG", "RMS", and "INT" mean that input signals for the neural network are average, RMS, and integral values of EEG signals after BPF, respectively. In Figs. 6-9, although the motion frequency and the elbow angle are changed in each experiment, the weight values when the motion frequency is 0.25Hz and the elbow angle is 90 degrees are used in each neural network. Each value of Figs. 6-9 is average error value of three subjects. In the experiment, the difference of error values between the subjects is small and there is no significant difference between the subjects. In the experiments, the subjects changed the elbow angle to clarify the influence of the upperlimb posture on the estimation. As shown in the results, if the motion frequencies are the same, the error values are almost the same value even though the elbow angles are different. Therefore, the elbow angle of the subject does not affect the estimation of the forearm motion by the neural network. When the forearm angle, angular velocity or angular acceleration is estimated from the neural network, the error values are changed according to the motion frequency. In the cases of Figs. 6 and 7, the higher the motion frequency is, the worse the error value is. On the other hand, in the case of Fig. 8 , the error value becomes better if the motion frequency becomes higher. From the Figs. 6-9, when the motion frequency is low, the estimation of the forearm angle or angular velocity by the neural network is better than that of the forearm angular acceleration. Moreover, the estimation of angular acceleration might become better than that of the forearm angle or angular velocity when the motion frequency becomes higher. Those results suggest that the estimation motion (angle, angular velocity, or angular acceleration) might be better to be changed according to the motion frequency.
As far as the input signals of the neural network among "BPF", "AVG", "RMS", and "INT" are concerned, the error value of "INT" is the worst in all Tables. On the the values of "BPF", "AVG", and "RMS" are almost the same level. Therefore, "BPF" is the best input signal for the neural network in terms of the calculation cost.
Conclusion
In this paper, the EEG-based forearm supination/pronation motion estimation method is proposed and evaluated to use EEG signals as additional input signals to the controller of an artificial arm for above elbow amputees. The experimental results show that the "BPF" is the best input signal for the neural network in terms of the calculation cost. From the estimation results in the experiment, it is cleared that the elbow angle of the subject does not affect the estimation of the forearm motion by the neural network.
The proposed method can be applied for the real-time motion estimation to activate a power-assist robot to assist the user's motion properly.
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